Abstract Surface albedo is a critical parameter that controls surface energy balance. In dryland ecosystems, fires play a significant role in decreasing surface albedo, resulting in positive radiative forcing. Here we investigate the long-term effect of fire on surface albedo. We devised a method to calculate short-, medium-, and long-term effect of fire-induced radiative forcing and their relative effects on energy balance. We used Moderate Resolution Imaging Spectroradiometer (MODIS) data in our analysis, covering different vegetation classes in sub-Saharan Africa (SSA). Our analysis indicated that mean short-term fire-induced albedo change in SSA was À0.022, À0.035, and À0.041 for savannas, shrubland, and grasslands, respectively. At regional scale, mean fire-induced albedo change in savannas was À0.018 and À0.024 for northern sub-Saharan of Africa and the southern hemisphere Africa, respectively. The short-term mean fire-induced radiative forcing in burned areas in sub-Saharan Africa (SSA) was 5.41 W m À2 , which contributed continental and global radiative forcings of 0.25 and 0.058 W m
Introduction
For millions of years, fires have been an integral part of the Earth's biogeochemical processes and influenced land-atmosphere interactions [Belcher et al., 2010; Glasspool et al., 2004; Pausas and Keeley, 2009] . At local scale, fires play a critical role in influencing natural selection and plant evolution, a process that contributed to evolution and expansion of flammable ecosystems [Bond and Keeley, 2005] . Conversely, fire spread is facilitated by plant species that have evolved to withstand burning [Liu et al., 2010] . Fires consume large quantities of biomass, release CO 2 , and smoke (black carbon) into the atmosphere and deposit ash and charcoal onto the ground surface Smith et al., 2005] . The ash and charcoal deposition causes darkening of the ground surface, which reduces surface albedo especially at infrared wavelengths Xue et al., 2004] . Albedo, defined as the ratio of the reflected solar radiation to the incoming solar radiation [Ångström, 1925] , is the key component controlling surface energy balance over land, thereby driving local climate and ecosystem functions [Dickinson, 1983] .
Fire-induced albedo change and associated radiative forcing have started to attract the attention of ecologists, climatologists, and policy makers [López-Saldaña et al., 2014] . Recent studies show that in boreal forest, postfire albedo increases at weekly to yearly temporal scales and results in negative radiative forcing [Flannigan et al., 2009; Huang et al., 2014; Jin et al., 2012; Lyons et al., 2008; Oris et al., 2013; Randerson et al., 2006] . However, in dryland ecosystems such as savannas and grasslands, postfire albedo decreases and causes positive radiative forcing at weekly to yearly temporal scales [Gatebe et al., 2014; Jin and Roy, 2005; López-Saldaña et al., 2014] . In North American boreal forest the radiative forcing exerted by fire-induced albedo change ranges between À4.5 W m À2 and À1.3 W m À2 Lyons et al., 2008] , whereas in African and Australian savannas it has been reported to be between 0.1 W m À2 and 0.5 W m À2 [Gatebe et al., 2014; Jin and Roy, 2005; Myhre et al., 2005] . Despite the relatively small radiative forcing in savanna fires, their global contribution is important because savannas contribute more than 80% of global fires, have high fire
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frequency, and are relatively evenly distributed between the northern and southern hemispheres [Govaerts et al., 2002; van der Werf et al., 2010] .
General circulation models show that fire-prone ecosystems are warming rapidly as a result of climate change [Intergovernmental Panel on Climate Change, 2013; Hartmann et al., 2013; Knapp et al., 2008; Randerson et al., 2006; Shongwe et al., 2009] . Fires are likely to respond to climate change, because they are regulated by precipitation (fuel load) and temperature (fuel load dryness). The projected increase in air temperature and decrease in precipitation are likely to increase fire potential, frequency, intensity, and the length of the fire season particularly in the United States, South America, Africa, and Australia [Liu et al., 2010; Pechony and Shindell, 2010] . The interaction and feedback between fire activity and climate change are of significant importance because fire-prone ecosystems are extensive, covering 40% of the Earth's land surface, and responsible for more than 85% of the global fires Hao and Liu, 1994; Rundel et al., 2016; Tansey et al., 2004] .
In light of the projected increase in fire frequency it is imperative to comprehensively assess and quantify fire-induced albedo change and the associated surface shortwave radiative forcing (SSRF) . In this study, we calculated SSRF taking into account the long-term fire-induced albedo change and duration of albedo recovery. To the best of our knowledge, all previous dryland studies have assessed "instantaneous" fire-induced albedo change to calculate SSRF [Gatebe et al., 2014; Jin and Roy, 2005; Lyons et al., 2008] . We argue that instantaneous change of fire-induced albedo and associated SSRF do not reflect the full impact of fire, thus underestimating the impact of fire on energy balance. Here we devised methods to calculate short-, medium-, and long-term albedo changes, and the associated SSRF in fire-prone ecosystems. Our time scale of analysis ranges from about 1 week to one full year.
We conducted our study in Africa, because it is the single largest continental source of burning biomass, with its fires responsible for about 50% of the total amount of area burned globally each year [Cahoon et al., 1992; Cooke et al., 1996; D'Odorico et al., 2007; Flannigan et al., 2009; Hao and Liu, 1994; Riaño et al., 2007; Ribeiro et al., 2008; Roberts et al., 2009; Scholes et al., 1996; van der Werf et al., 2004 van der Werf et al., , 2006 . Africa has the highest rates of fires with peak biomass combustion as high as 6 × 10 6 t of fuel per day in the southern hemisphere and 9 × 10 6 t per day in the northern hemisphere [Roberts et al., 2009] . Further, De Sales et al. [2015] has shown that overall postfire albedo change results in a decrease in precipitation over sub-Saharan Africa, associated with the weakening of the West African monsoon's progression through the region. The landscape of Africa makes it an ideal place to study fire and its associated impact on climate change. The north-south and eastwest geographical orientation of Africa's southern and northern hemispheres, respectively, provide an environment conducive to study the relationship between fire-induced albedo and environmental factors such as precipitation, vegetation structure, and land use type.
Materials and Methods

Study Area
The study was conducted in sub-Saharan Africa (SSA) savannas and grasslands ( Figure 1 ). Africa has the largest area of savannas, covering more than 50% (1.8 × 10 7 km 2 ) of the continent's land surface [Smit, 2004] . The southern hemisphere of Africa (SHA) has the largest continuous stretch of savannas that cover an area of~1.4 × 10 7 km 2 of land surface, whereas northern sub-Saharan Africa (NSSA), that is, Africa north of the equator and south of the Sahara, covers about 3 × 10 6 km 2 of land surface [Archer et al., 2001; Grace et al., 2006; Scholes and Archer, 1997; Smit, 2004] .
Brief Description of Data Set Used
The Moderate Resolution Imaging Spectroradiometer (MODIS) burn product (MCD45A1 V005), Bidirectional Reflectance Distribution Function (BRDF)-Albedo Model Parameters (MCD43A1), BRDF-Albedo Quality (MDC43A2), Enhanced Vegetation Index (MOD13A1), and vegetation cover classes (MCD12Q1) were used for this analysis, covering the period of 2000-2015. They were acquired from NASA's Earth Observing System Data and Information System (http://reverb.echo.nasa.gov). All the MODIS products used in this analysis had a 500 m spatial resolution.
land surface caused by deposits of charcoal and ash, removal of vegetation, and changes in vegetation structure [Roy et al., 2008 [Roy et al., , 1999 . There are two standard MODIS products that provide direct information about area burned. The MODIS burned area product (MCD45) identifies fires through the detection of sudden changes in surface reflectance [Roy et al., 2008] . The MODIS active fire product (MCD14ML) identifies fires through heat signatures identified in the thermal infrared [Giglio et al., 2003] . In this study, the focus is on nonforest land cover classes (Table 1) , which make up the vast majority of land in subSaharan Africa. Roy et al. [2008] have reported that the MODIS burned area product identifies burned areas at a rate greater than the active fire product for the nonforest classes examined here. This is because the burned area product is insensitive to the time of satellite overpass and is thus also less sensitive to the presence of obscuring clouds or smoke. Insensitivity to the time of satellite overpass is particularly important for fast-burning fires, like those that occur in the grassy savannas, grasslands, shrublands, and croplands that The MODIS albedo products are generated through an algorithm that applies semiempirical kernel-driven bidirectional reflectance (BRDF) model using multidate, multispectral, and atmospherically corrected surface reflectance data to generate 16 day combined product, with 8 day overlap [Schaaf et al., 2002] . The Enhanced Vegetation Index (EVI; MOD13A1) is a 16 day product that improved sensitivity, compared to NDVI, over highand low-biomass regions through a decoupling of the canopy and soil backgrounds and atmospheric effects [Huete, 2012] . For vegetation cover classes, we used International Geosphere-Biosphere Program (IGBP) vegetation classes retrieved from the MCD12Q1 yearly MODIS land cover product [Friedl et al., 2010] .
Monthly downward shortwave radiation flux (DSWRF) and precipitation data at 0.25°and 0.5°spatial resolution, respectively, from 2000 to 2014 were used in this analysis [Liu et al., 2012; Rodell et al., 2004] . DSWRF data were obtained from Global Land Data Assimilation System, NOAH model (https://mirador.gsfc.nasa.gov).
Image Processing Albedo, EVI, and Burn Products
Monthly burn products were composited into yearly results. In the case where a pixel had more than one fire occurrence in a year, the last burn date was retained. The cases in which a pixel had more than one fire in a single year contributed about 0.05% of the overall number of detected burns and occurred mostly in forests.
Because the purpose of this study is to observe the recovery of albedo and EVI in areas affected by fire, in the rare cases with two burns in a year, we chose to use only the last fire. Using the first burned pixel would provide a truncated estimate of recovery and thus not provide results that could be combined with the vast majority of pixels that burn only once in a year. This was done for years 2001 through 2015.
To obtain a single land-cover classification for the entire area, the most frequent IGBP vegetation class from 2000 to 2015 was chosen from MOD12Q2 pixels. For example, if a pixel was identified as cropland 10 times, and as grassland 5 times then the pixel was classified as cropland.
Average diurnal land surface albedo was estimated for all 16 day composites from 2000 to 2015 using the MODIS BRDF-Albedo Model Parameters (MCD43A1). The equation and coefficients provided by Schaaf et al. [2002] that provide the means to calculate black-sky albedo for a given solar zenith angle given pixel-specific BRDF-Albedo Model Parameters were used. For every pixel from 2000 to 2015, we estimated black-sky albedo hourly from 7 A.M. to 7 P.M., local time, based on the local solar zenith angle. The average of these values was used as the diurnal albedo for all further calculations.
Black-sky albedo and white-sky albedo mark the extreme cases of illumination from a single point and illumination from a constant-radiance hemisphere, respectively. The arid and semiarid systems of Africa are among the most cloud-free regions of the globe [e.g., Wylie et al., 2005] , meaning that they experience primarily direct solar illumination, as opposed to diffuse cloud-scattered illumination. For this reason, we have chosen to use black sky albedo for this analysis. A fuller treatment would use both black-and white-sky albedo weighted by the proportion of direct and diffuse illumination, but such an analysis is currently impossible because it would require diurnal measurements of diffuse versus direct illumination throughout the year on a continental scale. These data are not available.
A database of fires was produced by identifying all fires occurring in 500 m pixels across the study area for the period of 2000-2015 from the MOD45A1 data. For each fire pixel (i.e., a recorded fire in a particular year for a particular pixel), we extracted the albedo, EVI, and DSWRF from a period beginning 2 months before the fire and continuing until 9 months after the fire. This is the record of the fire in the year of the burn (YB). In addition, for each fire pixel we extracted albedo, DSWRF, and EVI for the full year beginning 14 months before the fire (the year before burn, YBB) and the full year beginning 10 months after the fire (the year after burn, YAB). This was done only for fires from 2001 to 2014 because MODIS data are only available from February 2000 onward.
For our analysis, we wished to compare the behavior of pixels that burned against control cases without fire. An inherent difficulty of this approach rests in the fact that an unburned pixel may have been burnable but may have lacked only conditions for ignition, in which case it is a good representation of the "control" case. However, some pixels may not be burnable even in the presence of ignition because of the state of the vegetation or other considerations. There is no approach using remote sensing data to differentiate clearly between these two cases. We reasoned that a pixel in which fire does occur must, at least some of the time, exhibit conditions that make it burnable, as opposed to a neighboring pixel that may never be burnable. Thus, we conclude that a suitable comparison between burned and unburned pixels is a comparison of a burned pixel, in the year it burns, against itself, in nearby years it does not burn (year before burn, YBB, and year after burn YAB. Thus, provided that no fire occurs in the antecedent or subsequent year, the average of the YBB and YAB time series for fire pixels is used as the control for each fire pixel. Using both YBB and YAB allows the expression of some interannual variability for each pixel. This average is considered the control case and was calculated for all fire pixels for which it could be calculated (that is, for fire pixels in which the YBB is not before the beginning of the MODIS record, and fire pixels for which fire did not also occur in YBB or YAB).
The flowchart of albedo change, radiative forcing, and relative effect is illustrated in schematic diagram in Figure 2 .
Fire-Induced Albedo (and EVI) Change
We calculated fire-induced albedo change for each pixel using YB (year of burn) and control data sets (that is, the average of YBB and YAB for each burn pixel). We calculated three types of albedo change. In the first approach, we calculated short-term albedo change (ΔA 1 ) using YB as outlined in equation (1). Short-term refers to 8 days, between the value recorded immediately before the burn (t 0 ) and the next available albedo value (t 1 ).
where a f_t0 is the value of albedo at the time of burn and a f_t1 is the next albedo value after the burn in the same year. The ΔA 1 is the conventional method for calculating fire-induced albedo change, and it is commonly referred to as instantaneous albedo change [Huang et al., 2014; Jin et al., 2012; Jin and Roy, 2005; López-Saldaña et al., 2014] . The different temporal components of equation (1), and subsequent equations, are illustrated in Figure 3 . We calculated another short-term albedo change (ΔA 2 ) using YB and YAB data sets as outlined in equation (2).
where a c_t1 is the value of albedo in the control data set. Albedo change in ΔA 2 is the difference between burnt albedo in the year when there was fire, and control albedo the following year.
To calculate maximum albedo change (ΔA max ), we located the lowest albedo value after fire occurrence (a f_tmin ) in the YB data set, and located the value at the same time in the control data set (a c_tmin ). t min is the time after the burn where the albedo of the burned pixel reaches its lowest value. We calculated the difference between the two values as shown in equation (3).
For example, if the minimum postfire albedo, a f_tmin , occurred in 31 October, then a c_tmin would also be extracted for 31 October in the control case for that pixel.
To determine the length of time that fire affected surface reflectance, we calculated albedo recovery time (T recovery ). Albedo was considered recovered when the difference between burn albedo (a burn ) and control albedo (a control ) recovered to within 90% of its maximum absolute value. To calculate recovery time, we subtracted burn date (t 0 ) from the date when albedo was deemed recovered (t 90 ):
This approach takes into account natural phenology because a burned pixel is monitored over time for a period of one full year. Thus, the natural phenological changes that occur throughout the year for both the burned and control cases are intrinsically included in the analysis.
Surface Shortwave Radiative Forcing Due To the Impact of Fire
Surface shortwave radiative forcing (SSRF) due to only fire was calculated by multiplying albedo change by associated surface incoming solar radiation I ↓ burn , derived from DSWRF. We calculated SSRF 1 and SSRF 2 using ΔA 1 and ΔA 2 , respectively, using equation (5):
We also calculated medium-term SSRF (SSRF tmin ) and long-term SSRF (SSRF t90 ). The SSRF tmin was calculated by averaging the SSRF values from individual 16 day composites between time of burn and when albedo reached its minimum value at t min . The same approach was used to calculate long-term SSRF (SSRF long ), where i is time when albedo was deemed recovered: Figure 3 . Illustration of the different components of the equations used in calculating albedo change. The notation "f" indicates the fire case and "c" indicates the control case. "t0" is the date of the fire. "t1" is the time of next image after fire. "tmin" is the time when the albedo of the fire case reaches a minimum, which also corresponds to the time when the difference between fire-case albedo and control case is at its maximum. "t90" is the time when the fire-case albedo has recovered to 90% of the control-case albedo. The time between t0 and tmin is defined as "medium-term" albedo change. The time between t0 and t90 is defined as "long-term" albedo change.
Journal of Geophysical Research: Atmospheres ) is the same. In order to make them comparable on an energetic basis, we introduce the concept of "relative radiative forcing." Relative radiative forcing is the radiative forcing that would need to operate over a certain reference period of time, here t 90 , to provide a total radiative forcing equivalent that over which radiative forcing is actually calculated. If radiative forcing were time invariant, or as in our case, time-averaged, this can be expressed as t ref · RRF = t calc SSRF, which can be rearranged to give RRF = t calc /t ref * SSRF. Because the reference time is t 90, in the long-term case, SSRF long , relative radiative forcing equals the calculated radiative forcing.
Results
First, our results indicated that shrubland pixels behaved very similarly to savanna pixels whereas the behavior of grassland pixels differed significantly. Therefore, for the purpose of clarity, we omit shrubland results in the figures and the ensuing discussion, but do show the results for all biomes in the tables.
Fire Regime and Environmental Variables
Our analysis indicates that more than 90% of the fires occurred in the dry season in both regions. In NSSA the dry season occurs November to March, whereas in SHA the dry season occurs in May to October. In our analysis, most fires occurred in areas receiving between 300 mm and 1500 mm mean annual precipitation (MAP), with the largest frequency of fires occurring at 800-1200 mm MAP in both NSSA and SHA. About 22% and 12% of savannas burned annually in our analysis in the NSSA and SHA, respectively (Table 1 ). In grasslands, 2% and 5% burned annually in NSSA and SHA, respectively. At the continental scale, savanna and grassland fires covered 9.9% and 0.5% of SSA, respectively.
Fire-Induced Albedo
In all cases ΔA was negative. In NSSA grasslands had the largest ΔA 1 (instantaneous albedo change) than other ecosystems, whereas in SHA, croplands experienced the largest ΔA 1 (Table 2) . In each region, savannas had the smallest ΔA 1 . For ΔA 2 and ΔA max , grasslands in NSSA had the largest values compared to other ecosystems, whereas in SHA, shrublands had the highest values. The variability for albedo change, represented by the standard deviation in Table 2 , was an order of magnitude less than the associated mean albedo change values. In both NSSA and SHA, the 2 month prefire values of both the control and burn albedo curves are nearly the same (Figure 4 ). On average, after fire occurrence, the albedo of burned pixels dropped to a minimum after approximately 7 weeks and recovered (t 90 ) after~18 weeks (Table 3 ). The behavior of NSSA grassland pixels differed from that of NSSA/SHA savannas and SHA grasslands pixels. For instance, control albedo in NSSA grassland pixels increased during the dry (fire) season, whereas control albedo decreased in other ecosystems. Recovery time in NSSA grassland pixels exceeded 250 days, whereas other classes recovered in significantly shorter times. Savannas took a longer time, compared to other vegetation classes, for postfire albedo to reach the minimum (t min ), while grasslands took the shortest time (Table 3 ). In savannas, t 90 was shorter than grasslands (Table 3) . The weighted average of recovery times (t 90 ) for burns across Africa is 138 days or~40% of a year.
For EVI, the burn and the control values in the savannas were nearly the same before burns, after which burn case EVI values decreased ( Figure 5 ), reaching the minimum value in about 16 days (Table 3) . After the drop, the savanna burn EVI values remained low and constant for about 2 weeks and then started to increase for Figure 5 ). The burn-EVI values in grasslands reached a minimum about 24 days after the fire (Table 3 ) and remained constant for about 2 weeks after burn, and then started to recover. In SHA, grasslands the burn-EVI reached control values upon recovery, whereas in NSSA burn-EVI values never reached control values. Post-fire EVI recovery was faster in savannas than in other vegetation classes.
Radiative Forcing Due To Fire-Induced Albedo Change
In all cases, average radiative forcing was positive (Table 4 ). The short-term-1 radiative forcing (SSRF1) exerted by fire-induced albedo change was greatest in grasslands and least in savannas in NSSA, whereas in SHA, croplands experienced the greatest SSRF1 and savannas experienced the least SSRF1, respectively. In NSSA, SSRF2 was greatest in grasslands, whereas in SHA it was greatest in shrublands. Similarly, maximum radiative forcing (SSRFmax), medium-term and long-term SSRF were greatest in grasslands in NSSA and SHA, respectively. Variability (standard deviations in Table 4 ) for radiative forcing were of the same order of magnitude as the associated mean values indicating significant continental-scale variability in radiative forcing response related to latitude; because albedo change was lowest near the equator and highest away from the equator in both subregions of Africa, the associated radiative forcing followed a similar pattern, exacerbated by variability in solar irradiance (Figure 6 ). 
Implication of Medium-and Long-Term SSRF on Energy Balance
Relative radiative forcing increased with time (that is, from instantaneous to t min to t 90 ) in all the ecosystems (Table 5 ). For example, in NSSA savannas, the relative SSRF effect was 0.16 ± 0.23, 0.24 ± 0.24, 1.50 ± 1.42, and 2.91 ± 2.78 W m À2 for R s1 ,R s2 , R med , and R long respectively. Variability in relative radiative forcing, represented by the standard deviation in Table 5 , reflects variability in the radiative forcing (Table 4) .
To determine the mean regional contribution of burn-related SSRF1 for NSSA we multiplied this forcing by the proportion of the total burn area to the total regional land area, which gave mean regional SSRF1 of 0.09 W m À2 (Table 6 ). Performing similar analysis for SHA and SSA we found mean regional SSRF1 of 0.30 and 0.16 W m À2 for SHA and SSA, respectively. Performing the same analysis using SSRF2, we calculated mean regional SSRF2 to be 0.16, 0.46, and 0.25 W m À2 for NSSA, SHA, and SSA, respectively.
At continental scale, the weighted mean relative effect of SSRF was 0.20, 0.30, 1.78, and 3.88 W m À2 for R s1 , R s2 , R med , and R long , respectively (Figure 7 ). At regional scale SHA experienced the highest weighted relative SSRF effect compared to NSSA in all the treatments. In this analysis, we found that R long and R med effects were an order of magnitude greater than R s1 , R s2 , with the long-term showing greatest effects.
We further calculated the global contribution to radiative forcing exerted by fires in Africa. Assuming the global land surface area of 150 × 10 6 km 2 , we calculated that the annual burn area in Africa was 1.6 × 10 6 km 2 and constituted 1.1% of the global land surface area. Multiplying the SSRF1 for SSA by 1.1% suggests that fires in Africa contributed at least a radiative forcing of 0.037 W m À2 globally. Using the more new value of SSRF2
for SSA, we conclude that the short-term global radiative forcing of fires in SSA is 0.058 W m À2 . a The mean regional radiative forcing was calculated by multiplying the regional weighted-mean SSRF by the proportion of each region's land area that is burned (from Table 1 ). The difference between albedo patterns in NSSA and SHA savannas could be attributed to vegetation structure and composition (Figure 1) . In NSSA the dominant tree species are deciduous Acacias, which lose their leaves during the dry season, whereas in SHA there is a great variety in vegetation composition ranging from deciduous acacias in the south to broadleaf-evergreen trees in the north [Caylor et al., 2003; Scholes et al., 2002] .
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In NSSA, the postfire short-term shortwave albedo decreased by 0.010 and 0.021 in savannas and grasslands, respectively, whereas in SHA it decreased by 0.014 and 0.155 in savannas and grassland, respectively (Table 2) . Our results are consistent with results from northern Australia where albedo decrease was higher in grassland than woodland savannas . One of the reasons why grasslands experienced a greater decrease in albedo could be due to the amount of fuel load and the type of fire. Grasslands tend to form a continuous carpet, which facilitates the spread and increase fire intensity [Romero-Ruiz et al., 2010] . In savannas, the discontinuous grass carpet reduces fire spread and intensity. Grasses usually experience complete combustion whereas shrubs and trees only partially burn. van Altena et al. [2012] showed that there was a positive correlation between species flammability and fire severity. Similarly, Amraoui et al. [2010] suggested that vegetation type in sub-Saharan Africa regulated fire activity. Biomass combustion resulted in grasslands covered by continuous black-gray residues, whereas in savannas the surface was covered by discontinuous blackgray residue and bare soil patches. As a result, we conclude that vegetation (and hence, land cover type) plays an important role in influencing postfire albedo pattern.
Postfire Albedo and EVI Recovery
We observed that postfire albedo continued to decrease for couple of weeks before the recovery (Figure 4) . We expected albedo to drop abruptly in the first week (8 days) and to remain constant for a few weeks before recovery. The reason why postfire albedo continued to drop could be that the residues were not translocated to another place by aeolian or hydrological process, but rather they remain on the same place. De Sales et al. [2015] suggested that in NSSA postfire albedo would decrease abruptly, and then increase above the control values as a result of exposing bare soil due to vegetation deterioration and ash being translocated to other places. However, our results showed that postfire albedo did not increase above control values. The fact that albedo recovery did not generally exceed control values suggests that albedo recovery was a function of vegetation recovery and was not influenced by bare soil patches. For bare soil patches to be fully exposed there has to be strong winds or substantial runoff post fire, but in these systems with strong wet-dry seasonality, rains typically start abruptly at the beginning of the wet season, when we saw albedo recover for other reasons, like leaf bud. Furthermore, we do not expect fire-prone ecosystems to have large intercanopy spaces (otherwise, fire would not spread) that would expose a bright soil background. Therefore, we suggest that continued postfire albedo decreases are the result of charcoal or other dark residues being translocated locally into bare soil patches between plant canopies, thus darkening the overall surface for a period of time. Ash from burning of woody material initially is bright and highly transportable by wind. When it is translocated to the soil and wetted or flattened, it becomes dark. Postfire EVI recovered faster than albedo in NSSA and SHA regardless of vegetation type (Table 3) . This pattern supports the idea that vegetation recovery was prerequisite for albedo recovery [Pinty et al., 2000; Tsuyuzaki et al., 2009] : as vegetation recovers, the contribution of exposed bright soil surfaces, charcoal, ash, and other dark residues decreases and the overall albedo begins to reflect the albedo of vegetation. Postfire EVI in grasslands took longer to recover compared to savannas, which possibly reflected combustion intensities in the two ecosystems. Grasslands tend to experience surface fires, which are more intense and severe than those in savannas [Bowman et al., 2009; Viegas, 2002] . Similar observations were made in Northern Australia where severe and intense fires resulted in longer recovery times, whereas less intense fires resulted in shorter vegetation (EVI) and albedo recovery time [Beringer et al., 2003] .
There is an inconsistency among studies in estimates of fire-induced albedo change. For example, Gatebe et al. [2014] estimated albedo change in NSSA savannas to be À0.0022, which is an order of magnitude lower than our result suggests. The discrepancy could largely be attributed to the methods used in the studies. Gatebe et al. [2014] used unburned neighboring pixels as control, whereas in our study we compared a pixel to itself (equations (2) and (3)) in neighboring year where it did not burn. The approach of comparing two neighboring pixels is commonly used [e.g., Gatebe et al., 2014; Huang et al., 2014; Lyons et al., 2008; Myhre et al., 2005; Samain et al., 2008] , but it does not take into account heterogeneity of the land surface. That is, it assumes homogenous vegetation cover. Neighboring pixels do not necessarily represent a comparable vegetation state, and the fact that the adjacent pixel did not burn could be an indication that the vegetation types and prevailing environmental conditions in the two pixels were different. When we used the neighboring pixels method, the burn and control curves did not line up in the preburn period (versus Figure 4) , indicating that they were not a good proxy (not shown). Our method (equations (2) and (3)) also took into account temporal change in unburned systems. To the best of our knowledge, no previous studies have done this. We have shown that calculating fire-induced albedo change using the conventional method (equation (1)) results in much lower values compared to equation (2). Going a step further to calculate maximum albedo change (equation (3)), the albedo differences were more than double those obtained using the neighbor method. These three sets of results clearly show that calculating fire-induced albedo change using the typical neighboring-pixel approach potentially underestimates the impact of fire, which in many cases has led to the conclusion that fire-induced albedo change is insignificant and less important to energy balance [e.g., Gatebe et al., 2014] than our results suggest.
Fire-Induced Surface Shortwave Radiative Forcing
The concept of radiative forcing has been widely used to evaluate and compare the strength of the various factors affecting the Earth's radiation balance, and how they influence climate change [Myhre et al., 2013] . In this study, we have presented four different methods of calculating radiative forcing.
When we used the conventional method (equation (5)), grasslands had the highest SSRF1 compared to other ecosystems. Savannas had the lowest SSRF1. Similar results were found in northern Australia where SSRF1 in savannas was lower than in grasslands Jin and Roy [2005] . However, more than 80% of the burn area in our study occurred in savanna ecosystems; therefore, the overall radiative forcing due to savannas plays an important role in the regional and continental scales. In SSA, the SSRF1 in burned areas was 3.46 W m À2 with a contribution continent (SSA) wide of 0.16 W m À2 (Table 6 ; Table 6 ).
When we calculated the difference between burn-albedo and control, SSRF2 was about 30% greater than SSRF1. Because burn and albedo data were the same for the SSRF1 and SSRF2 calculations, the difference in the results can be attributed only to the difference between control data and albedo data at-and after-the time of burn. We also found that maximum SSRF, which occurred when burn-albedo reached minimum value, was at least 80% greater than SRRF1 and SSRF2 in all the land cover types investigated here. Our results suggest that the conventional method (SSRF1) considerably underestimates the effect of fire on surface energy balance, and they further highlight the importance of considering temporal variability when assessing radiative forcing exerted by fires. estimate also includes negative forcing due to fire in boreal forests as well as fires in other regions of the world.
Our calculated radiative forcings are generally within a factor of 2 to 3, with medium-and long-term radiative forcing always exceeding SSRF1 (Table 4) . But, we found that the medium-and long-term relative radiative forcings due to fire were an order of magnitude greater than short-term effects (SSRF1 and SSRF2; Table 5 ) due to their longer duration; the area-weighted average of the ratio of long-term relative radiative forcing to relative SSRF is 19. Therefore, the real energetic effect of fire in these dryland systems, integrating over time, is roughly 20 times greater than what would be expected if only short-term estimates are made.
Conclusions
Because our results showed that fire had long-lasting effects of surface albedo (Figure 4 ), we derived a method to calculate the relative effect of surface shortwave radiative forcing at different time scales. Our results show that the relative effect of SSRF increased with time ( Figure 7 ). This effect is, of course, not constant throughout a year and therefore cannot be compared directly with constantly present radiative forcings such as those due to CO 2 and other greenhouse gasses.
Nonetheless, a simple calculation of the global contribution to the Earth's radiative forcing can be made, taking into account the duration of fire-derived albedo effects. Our estimated mean short-term (SSRF2) radiative forcing for SSA is 0.25 W m À2 (Table 6 ). On an area-weighted basis, the average long-term relative radiative forcing is~19 times that of the short-term relative radiative forcing (from Table 5 ). Further, in both NSSA and SHA, the area-weighted recovery time (t 90 ) is at least 140 days, which is~40% of a year (from Table 3 ). Thus, by multiplying the estimated mean short-term radiative forcing for SSA (0.25 W m À2 ) by (1) the effective increase in radiative forcing resulting from persistent burn scars (19), (2) the proportion of the year that this effect lasts (40%), and (3) the fraction of the Earth's surface occupied by Africa (6%), we conclude that the total radiative forcing contribution for African dryland fires globally across the entire year is at least 0.12 W m
À2
. Calculated using the estimated short-term radiative forcing only, this result would be a factor of 19 smaller, or~0.006 W m
. Africa is the single largest continental source of burning biomass, with its fires responsible for about 50% of the total amount of area burned globally each year, and dryland fires, like those examined here comprise 75% of the Earth's burned area [Roy et al., 2008] . The radiative effect of albedo change in dryland fires globally therefore could be as high as~0.16 W m À2 (=0.12 W m À2 /75%). This is a significant result, indicating that global contribution of the albedo changes due to fires in drylands could be on the order of other important radiative forcings including anthropogenic N 2 0 (0.17 W m À2 ), nonmethane volatile organic compounds (0.10 W m À2 ), and albedo change due to land use (À0.15 W m À2 ). This comparison is not meant to imply that all dryland fires are anthropogenic. Rather, it is meant to show that when the duration of the albedo effect of these fires is included, the resulting albedo changes have global significance. Excluding the duration of the fires, the calculated radiative forcing is much less significant.
A further component of fire's global effect is the gasses and aerosols produced during burning, which were not addressed here. The net radiative effect of these combustion products is likely positive [e.g., Randerson et al., 2006] , meaning that the radiative impact of fire from drylands is likely larger than is implied by the simple calculations presented here. A better accounting of these processes could help improve climate model projections, particularly on the issue of climate change and land-atmosphere feedback.
